Abstract While satellite remote sensing has become a very useful tool contributing to assessments of sea surface partial pressure of carbon dioxide (pCO 2 ) that subsequently allow quantification of air-sea CO 2 flux, the application of empirical approaches in coastal oceans has proven challenging owing to the interaction of multiple controlling factors. We propose a ''mechanistic semi-analytic algorithm'' (MeSAA) to estimate sea surface pCO 2 in river-dominated coastal oceans using satellite data. Observed pCO 2 can be analytically expressed as the sum of individual components controlled by major factors such as thermodynamics (or temperature), mixing, and biology. With marine carbonate system calculations, temperature and mixing effects can be predicted using thermodynamic principles and by assuming conservative two endmember mixing of total dissolved inorganic carbon and total alkalinity (e.g., the Changjiang River and Kuroshio water in the East China Sea, ECS). Next, an integral expression for pCO 2 drawdown due to biological effects can be parameterized using the chlorophyll a concentration (chla). We demonstrate the validity and applicability of the algorithm in the ECS during summertime. Sensitivity analysis shows that errors in empirical coefficients and three input satellite parameters (salinity, SST, chla) have limited influence on the algorithm, and satellite-derived pCO 2 is consistent with underway data, even though no in situ pCO 2 data from the ECS shelves was used to train the algorithm. Our algorithm has more physical and biogeochemical mechanistic meaning than empirical methods, and should be applicable to other similar systems.
Introduction
Data from underway measurements of sea surface partial pressure of carbon dioxide (pCO 2 ) have accumulated with remarkable speed in the past few decade, and they have gradually unveiled pictures of regional and global air-sea CO 2 flux [e.g., Takahashi et al., 2009] . In recent years, the carbon cycle in coastal oceans has received a lot of attention [Tsunogai et al., 1999; Thomas et al., 2004; Hales et al., 2005; Cai et al., 2006; Chen and Borges, 2009; Laruelle et al., 2010; Cai, 2011; Chen et al., 2012; Dai et al., 2013; Bauer et al., 2013] . However, field measurements remain insufficient to estimate coastal ocean air-sea CO 2 fluxes accurately and to attribute flux variations to underlying mechanisms, especially in complex coastal waters. Estimates of pCO 2 based on data from space can provide a synoptic view of large-scale sea surface pCO 2 distributions and time variations and thus help clarify the variation and dynamics of air-sea CO 2 fluxes. Therefore, satellite-based estimates could reduce uncertainty in the global ocean CO 2 flux estimate. Furthermore, satellite-based pCO 2 predictions have a distinct advantage over field measurements for examining impacts of climate and anthropogenic changes on highly dynamic coastal environments on ocean margin CO 2 biogeochemistry.
Many efforts have been made to estimate sea surface pCO 2 and air-sea CO 2 fluxes from space by developing linear or multiple regression relationships between pCO 2 and satellite-derived parameters, such as sea surface temperature (SST) [e.g., Stephens et al. 1995; Metzl et al., 1999; Hood et al., 1999; Nelson et al., 2001; Levefre et al., 2002; Cosca et al., 2003; Olsen et al., 2003 Olsen et al., , 2004 Lefèvre et al., 2004] and/or chlorophyll a concentration (chla) [e.g., Ono et al., 2004; Rangama et al., 2005; Zhu et al., 2009] . To obtain better regression equations leading to better predictions, more parameters, such as longitude, latitude [e.g., Wanninkhof parameters are provided along with salinity, temperature, pressure, and total phosphate concentration, the other two can be calculated [e.g., Pierrot and Wallace, 2006] . As DIC and TA are measured in total concentrations, they are mass-conservative during mixing processes; they do not change with temperature either when a weight-based concentration unit is used (i.e., mol/kg). In addition, DIC is directly linked by stoichiometry to nutrient removal/release and O 2 production or consumption during biological processes [Sarmiento and Gruber, 2006] . Thus, many marine carbonate models calculate pCO 2 from DIC and TA variations by estimating contributions to DIC by specific processes with the following expression [e.g., Louanchi and Hoppema, 2000; Milèna and Montègut, 2002; Murata et al., 2002; Doney et al., 2009] :
DDIC obs 5DDIC mix 1DDIC bio 1DDIC a-s 1 . . . 1DDIC n ;
where DDIC obs is observed variation of DIC; and the subscripts mix, bio, and a-s indicate the changes in DIC due to mixing, biological production, and air-sea CO 2 exchange, respectively. Because our desired final product is satellite-derived pCO 2 , we chose to estimate pCO 2 directly to avoid error propagation from estimates of satellite-derived DIC and TA, even though our approach is built upon the principle of DIC and TA changes and we also used carbonate system calculations as part of our approach. In theory, we can express sea surface pCO 2 (DpCO 2 ) variation with the Taylor expression: 
where DpCO 2 is analytically expressed as the sum of the first-order partial-differentials of individual pCO 2 components associated with each process or controlling factor ð@pCO 2@factor-n =@V factor-n Þ3DV factor-n , in which (V factor-n ) is the independent variable characterizing that process (such as salinity for mixing process). e is the residual error of the total DpCO 2 and it also contains higher orders of the Taylor expression, which are considered to be negligible in this paper. Based on first principles and our knowledge of ocean pCO 2 research, we can identify the factors controlling pCO 2 variations as 1) the temperature-dependent thermodynamic term ð@pCO 2@therm =@V therm Þ3DV therm ; 2) mixing between different water masses with different marine carbonate parameters ð@pCO 2@mix =@V mix Þ3DV mix ; 3) the biological effect ð@pCO 2@bio =@V bio Þ3DV bio , and 4) air-sea exchange ð@pCO 2 =@V flux Þ3DV flux . We assumed here that carbonate precipitation can be ignored. In principle, if we can analytically parameterize each of the individual pCO 2 components using satellite-derived variables, then it will be possible to derive the total variation of pCO 2 from satellite data by summing those items. Hence, the critical issue is how to derive the analytical expressions.
Implementation of MeSAA in the ECS
In this section, we use the summertime ECS as an example to demonstrate the development, validation, and applicability of MeSAA for satellite-derived pCO 2 mapping. As a first step, we focus on parameterizing three major controlling factors in the ECS during summertime. The parameterizations of other controlling factors are discussed in section 5, as recommendations for further work that would expand MeSAA.
Study Area
The ECS has one of the widest continental shelves (450km from the river mouth to the 200 m isobath) and is one of the most productive marginal seas in the world. It receives large quantities of terrestrial inputs carried by the Changjiang River, which has the 4 th largest freshwater discharge in the world. It is important to study the Changjiang River plume-influenced ECS to understand marginal sea biogeochemical processes and the carbon cycle [e.g., Gong et al., 2003; Isobe and Matsuno, 2008; Chen et al., 2008] .
The major water masses and associated currents in the ECS are (1) the Changjiang River Plume, which is often called the Changjiang Diluted Water, (2) the Chinese Coastal Current, which flows southward under the prevailing northwest monsoon and northward under the southeast monsoon, (3) the Taiwan Warm Current, moving from south to east and influencing a large area of the middle shelf of the ECS, and (4) the Kuroshio Current, on the eastern boundary of the outer shelf of the ECS (Figure 1 ). In the prevailing northwest monsoon seasons (October to February in next year), the Changjiang River plume moves to the south along the coastline [Chang and Isobe, 2003; Liu et al, 2003 ]. In the prevailing southeast monsoon seasons (June to September) with the largest Changjiang discharge, the plume is greatest and commonly moves to the northeast, where it broadens across the major shelf of the ECS [Chang and Isobe, 2003; Liu et al, 2003; Bai et al., 2014] . In summer, the biological effect is strong owing to suitable nutrients, light and temperature [Isobe and Matsuno, 2008; Chen and Borges, 2009; Kim et al., 2009; Gong et al., 2011; He et al., 2013a] . Hence, biology is one of the major factors regulating pCO 2 variations [Tan et al., 2004; Shim et al., 2007; Zhai and Dai, 2009; Tseng et al., 2011] . For example, high DO saturation up to 190% was found in August 2003 and was > 160% in July 2007 . In addition, the huge Changjiang River freshwater discharge mixes with Kuroshio water and overwhelms contributions from other end-members such as ground water and other small rivers flowing into the ECS. In summer, surface heating, the buoyancy of fresh water, and the low wind speed of the southwest monsoon makes the water column highly stratified [Shim et al., 2007; Zhai and Dai, 2009] , so vertical mixing from seasonal cooling can be ignored .
Data Preparation 3.2.1. Standard Satellite Products
For remote-sensing work, we used daily MODIS/Aqua standard Level 3 products for chla, SST, and the remote sensing reflectance (Rrs (k)) at sensor bands 412, 443, 488, 531, 547 and 667 nm with a spatial resolution of 4 km, and 8 day composite SeaWiFS chla products with a spatial resolution of 9 km. These data were all downloaded from the NASA ocean color website (http: //oceancolor.gsfc.nasa. gov/).
Satellite-Derived Salinity Data
Salinity is a good proxy for characterizing water mass boundaries and movement. Thus, satellite-derived salinity data are a key parameter for estimating pCO 2 with our algorithm. The newly launched microwave satellite sensors, including the SMOS (the Soil Moisture and Ocean Salinity) and Aquarius/SAC-D satellites [Koblinsky et al., 2003; Lagerloef et al., 2008; Font et al., 2010; Kerr et al., 2010] , can retrieve global ocean surface water salinity with good accuracy, but their spatial resolutions are still quite limited (50-100 km). For fine spatial and temporal resolutions, ocean color satellite data are effective for salinity retrieval, given the strong negative linear relationship between the absorption coefficients of colored dissolved organic matter (a CDOM ) and salinity in river-plume dominated coastal oceans, such as the areas receiving the Columbia [ Palacios et al., 2009] , Amazon, Orinoco Del Vecchio and Subramaniam, 2004; Molleri et al., 2010] , Mississippi [Del Castillo and Miller, 2008] and Changjiang Rivers [Sasaki et al., 2008; Ahn et al., 2008; Bai et al., 2013 Bai et al., , 2014 , as well as the Clyde Sea [Binding and Bowers, 2003] . Satellite salinity algorithms are specific to each system. Bai et al. [2013] have developed a satellite salinity algorithm for the Changjiang-dominated ECS, based on a robust relationship between salinity and a CDOM at the 355 nm wavelength from seasonal data over the full salinity range of the ECS. In this paper, we used an improved summertime salinity algorithm . Satellite-derived salinity data in the ECS have been validated with several extensive in situ data sets, confirming the good performance of the method . In general, the average absolute error is about 1.5, which is mainly a result of mismatches at the freshwater-salt mixing frontal zones. This is satisfactory in such a highly dynamic plume system. Note that in situ pCO 2 data were instantaneous measurements, while the matching satellite-derived chla data were the 8 day averaged values spanning the time of field measurements. There are two reasons for using 8 day composite satellite-derived chla data rather than the daily data: (1) to ensure more cloud-free matched ocean color data, and (2) to represent, to some extent, the growth of phytoplankton, instead of the instantaneous standing stock of biomass (see details in section 3.5).
Underway Measurement of pCO 2 in the ECS Shelves
To validate the satellite-derived pCO 2 in the ECS, we also used underway pCO 2 measurements from four cruises in the Changjiang Estuary and the ECS shelf during summertime (Figures 1b and 1c) . These data were collected in August 2003 , July 2007 , June 2009 [Yu et al., 2013] and August 2009 [Wang et al., 2014] . The first three cruises were located in the Changjiang Estuary, whereas the August 2009 cruise had wide spatial coverage from the Changjiang River Estuary to the shelf of the ECS. An underway pCO 2 system (GO8050, General Oceanics Inc., USA) was used to collect pCO 2 data during 16-31 August 2009 as part of the ''973 CHOICE-C project'' onboard the R/V Dongfanghong II. The overall uncertainty associated with pCO 2 measurement and data processing was estimated at 1% . During these cruises, underway chla fluorescence was continuously measured using multisensor water quality instruments, including the YSIV R 6600 meter in July 2007, a set of Idronaut ''Flow Through'' sensor modules in August 2009, and an RBR (XR-620) meter in June 2009.
We emphasize that none of the above field data in the estuarine and shelf areas was used to parameterize (or train) our MeSAA model. These totally independent data sets were only used for validating the method in section 4 and discussing the uncertainty in section 5.
Prediction of Thermodynamic Control
The temperature-dependent thermodynamic effect on sea surface pCO 2 has an exponential relationship of approximately 4.23%/1 C [Takahashi et al., 1993 [Takahashi et al., , 2002 [Takahashi et al., , 2009 , which can be expressed as:
where T is the sea surface temperature (SST) in C, and the subscripts ''est'' and ''obs'' indicate estimated (or final) and observed (or initial) values, respectively. Note that the slope of 0.0423 was derived for the global ocean, and this can be confirmed with carbonate system calculations using CO2SYS. Equation (3) valid if chemical properties remain constant. The slope varied slightly with TA, DIC, salinity and temperature. In this work, we do not use equation (3) for predicting the thermodynamic effect; instead, we combine pCO 2 variations caused by temperature change with those caused by water mass mixing in one step of the calculation using the carbonate system mixing model, which involves both salinity and temperature (see next section). We only use equation (3) to correct a small temperature difference when we derive the biological term.
Parameterization of the Two End-Member Mixing Model
We consider next the two end-member mixing process where riverine fresh water mixes with marine water. Each water mass has significantly different DIC and TA values, and in turn, different pCO 2 values. Here, we assume the pCO 2 component changes only from horizontal advection (pCO 2@Hmix ), which is calculated assuming conservative mixing of TA and DIC. We should point out that, in dealing with the mixing process, the thermodynamic effect of varying temperature is also included. This is because our water temperature is not calculated from two end-member mixing, but from remotely sensed sea surface temperature, which already includes the temperature change induced by heat exchange with the atmosphere.
TA and DIC values at any salinity are obtained from linear mixing of freshwater and marine water endmembers' TA and DIC values:
where the subscripts 0 and 35 indicate values of the freshwater and marine water end-member; x is the salinity in question.
End-member values of DIC and TA are available from field measurements and/or the literature. In the ECS, we set the two end-members according to Zhai et al. [2007] as follows: The summertime river endmembers were DIC5 1850 lmol/kg and TA 5 1850 lmol/kg, and the marine end-member (Kuroshio) was NDIC51970 lmol/kg and NTA52300 umol/kg, where the NTA and NDIC indicate that the value has been normalized to salinity 35 [Chen and Wang, 1999] .
The mixing and thermodynamically predicted pCO 2@Hmix values can be calculated via marine carbonate system equilibrium equations. We use the CO2SYS program [Pierrot and Wallace, 2006] to calculate pCO 2 values with the carbonic acid dissociation constants (K1 and K2) of Mehrbach et al. [1973] refitted by Dickson and Millero [1987] , Dickson's KHSO 4 and total scale (mol/kg-SW) of pH. In Figure 2 , we can see pCO 2 decrease with increasing salinity, and increase with increasing temperature. For the ECS, pCO 2 is about 1096 latm at the river end-member (25 C and salinity of 0.2), and about 420 latm at the ocean end-member (30 C and salinity of 35). The calculated pCO 2 values of 342 latm at 24 C and salinity of 30, and 296 latm at 21 C and salinity of 33 are also consistent with the reported values . Chen et al. [2008] suggested that low pCO 2 values of about 340 latm (at salinity of about 30) can be generated by mixing river water (at salinity 5 0.2 and pCO 2 5 1000 latm) with average ECS water (salinity 5 33.1 and pCO 2 of 300 latm). This means that our chosen end-member values and the resultant predicted pCO 2@Hmix are reasonable.
3.5. Parameterization of the Biological Effect 3.5.1. Mathematical Derivation Photosynthesis by phytoplankton consumes DIC in seawater, resulting in a decrease in pCO 2 . As stated earlier, to reduce error, we directly estimate the drawdown of aquatic pCO 2 from the biological effect parameterized by the logarithm of chla (log(chla)). It is rather challenging to develop a straightforward relationship between pCO 2 and chla [Hales et al., 2012] . Three reasons have motivated us to link pCO 2 linearly to log(chla). First, chla varies over several orders of magnitude in coastal oceans, and it exhibits a Gaussian distribution. Thus, log(chla) will allow both high and low end data to be represented in a statistically meaningful way. This practice is widely used in remote sensing communities. Second, phytoplankton can adjust their intracellular chla content in response to light and nutrients, and such physiological adjustments can introduce more than a 10-fold variation in phytoplankton chla to carbon ratios (C/chla) [Siegel et al., 2013] , which may prevent a linear relationship between DIC and chla. Third, an approximate linear dependence of pCO 2 on log(chla) was obtained in the ECS (see section 3.5.2 below). While the inherent relationship between DIC (or pCO 2 ) and chla needs further investigation, in the present study, for implementing the MeSAA algorithm, we prefer the direct empirical relationship between pCO 2 and log(chla).
Therefore, in a situation where biological activity dominates, we assume that there is a general relationship between pCO 2 and chla:
where e represents the pCO 2 contribution from other factors. We assume that e is independent of the contribution from biological effects. Therefore, DpCO 2@bio is directly linked to the change in chla. Following from equation (2), the partial differential of pCO 2 with respect to chla in equation (5) is:
Because e is independent of any biological contribution, the partial differential in e with respect to chla returns zero in equation (5).
It is more appropriate to link DpCO 2@bio to the integrated change of chla with time because biological reduction of pCO 2 reflects the cumulative process of net phytoplankton carbon uptake. Over a certain time scale, phytoplankton assimilation of carbon will be related to changes in the observed chla concentration, for example, in the 8 day composite or monthly composite satellite-derived chla (see sections 5.2.3 and 5.2.4 for further discussion). Therefore, the pCO 2 drawdown caused by phytoplankton carbon uptake associated with the change from background chla 0 to the observed chla concentration (chla n ) is:
3 ln ðchla n Þ2ln ðchla 0 Þ ½ :
Equation (7) is the expanded biological contribution term for pCO 2 in equation (2), where the two constants to be determined are B and chla 0 . This is equivalent to the difference in equation (5) between observed and background states, but it has a clearer mechanistic description.
Quantification of Biological Effect in the ECS
As observed pCO 2 is the combined result of several controlling factors, we need a suitable data set dominated by biological effects to derive the coefficients in equation (5). Our data sets in the Changjiang Estuary and the ECS shelf are not suitable for parameterizing the biological effect given the combination of large terrestrial inputs, dynamic mixing of different water masses, biological effects, and other complex influences. Instead, we chose data from the adjacent high salinity open seas, where mixing with terrestrial signals is relatively weak, to derive coefficient B for equation (5). Underway pCO 2 from CDIAC and matching 8 day composite satellite-derived chla products were used (also see section 3.2.3). We found that pCO 2 generally had a negative linear relationship with log(chla) if all data were used (Figures 3a and 3c) . However, mathematically, the direct regression using all data returned a regression line slightly away from the expected general trend due to the presence of a few outliers. For example, those data that are clearly above the general trend with high chla may have been affected by vertical mixing with high CO 2 bottom water. Thus, we chose to use the data-rich year 2001 exclusively (Figure 3b) , and this yielded a clearer trend (Figure 3d ). The direct regression result was:
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For the 2001 data, pCO 2 also showed a significant positive relationship with SST (Figure 3e ), where SST contains the effects of vertical mixing, biology, and thermodynamics (we will further discuss the SST issue in section 5.2.1). To eliminate the other effects, we chose summer (July, August) and spring (April) data to represent a well-stratified season and the highest phytoplankton production season, respectively. We normalized those data within 61 C around the mean temperatures of the summer and spring seasons to their respective mean temperature, using equation (3) [Takahashi et al., 1993 [Takahashi et al., , 2002 [Takahashi et al., , 2009 (Figure 3f) . Thus, only a very small correction (<610 latm) is applied. With this procedure, then, we derive a final regression equation for the temperature-corrected biological effect:
pCO 2 5269:32117:53logðchlaÞ:
Although equation (9) is derived from relatively few data for the two temperature levels, the regression line still fits the majority of data in Figures 3c and 3d . In the ECS, we empirically set chla 0 5 0.2 lg/L in equation (7). Then DpCO 2@bio can be expressed as: 
3.6. Summary of Algorithm Used in the ECS In summary, we have parameterized major contributing items in the summertime ECS based on the first principles in equation (2) including 1) a pCO 2 baseline in the river-dominated marginal system controlled by two end-member mixing, combined with thermodynamic effects (pCO 2@Hmix ) and 2) biological effects (DpCO 2@bio ). Thus, the final algorithm is:
pCO 2@Hmix 5LUTðTA 0 ; DIC 0 ; NTA 35 ; NDIC 35 ; SST; SalinityÞ DpCO 2@bio 52117:53 log ðchlaÞ2log ð0:2Þ ½
The procedure of applying equation (11) to generate salinity-derived pCO 2 is described below.
1. Determine empirical end-member values of TA and DIC in freshwater and marine water (TA 0 , DIC 0 , NTA 35 , NDIC 35 ). Then derive TA and DIC values at every salinity value, assuming conservative mixing of the freshwater and marine water end-members with equation (4).
2. Derive satellite-derived pCO 2@Hmix . A practical look-up table (LUT) method is used for pCO 2@Hmix calculation using DIC and TA based on satellite-derived SST and salinity ( Figure 2 shows the LUT we generated in which every salinity corresponds to a DIC and TA pair).
3. Apply the satellite-derived chla data to calculate DpCO 2@bio with equation (11).
4. Finally, calculate satellite-derived pCO 2 with the sum of pCO 2@Hmix and DpCO 2@bio .
In summary, the inputs of the MeSAA pCO 2 algorithm include satellite products for chla, SST, and salinity, and two pairs of empirical DIC and TA values for freshwater and high salinity end-members in the summertime ECS. The method can also be applied in similar large river-dominated systems with some localized parameters.
Satellite Results and Validation in the ECS
Using the MeSAA algorithm for the summertime ECS, we generated daily satellite-derived pCO 2 maps from daily SST, chla, and salinity (see section 3.3.2) in August 2009. Then we averaged the daily products into a 16 day composite map spanning the 16-31 August 2009 summer cruise to insure good data coverage (Figure 4a ).
NASA's satellite data have two problems when applied to highly turbid coastal ocean waters. A very high pCO 2 band was found along the coastline (Figure 4a ), then, immediately off the coastline and in the plume area, a large area of distinctively low pCO 2 (as low as 250 latm) was observed, with higher values at the plume edge. The pCO 2 was consistently relatively high (390-410 latm) on the outer shelf with high summer temperatures. In general, the low pCO 2 area across the shelf has a shape similar to that of the low salinity plume discharge . Although the river runoff brought high pCO 2 water rich with terrestrial organic matter, high nutrients also supported a large amount of net biological uptake of inorganic carbon in the river-influenced water immediately beyond the maximum turbidity zone in the estuary, generally resulting in under-saturation of aquatic CO 2 with respect to the atmosphere. Thus, the plume area was a significant CO 2 sink, similar to that of the Pearl River plume [Jo et al., 2012; Cao et al., 2011; Dai et al., 2008] , the Mississippi River plume [Cai, 2003; Lohrenz and Cai, 2006] and Amazon river plume [Cooley and Yager, 2006; Cooley et al., 2007] . Our algorithm can simulate the mixing effect, which reduces pCO 2 in the low-salinity, high-pCO 2 zone and increases pCO 2 in the midhigh salinity, low pCO 2 zone, and it can also simulate biological and thermodynamic effects. This dynamic of first decreasing then increasing pCO 2 across a full salinity range has been a particular challenge to capture in earlier work [i.e., Lohrenz and Cai, 2006] and our capacity to simulate this dynamic is a distinct advantage of this method.
The satellite-derived pCO 2 is compared with underway in situ data for the same location and time window ( Figure 4b ). Because of heavy cloud cover in the ocean color data, there were fewer match-up data for the in situ measurements and daily satellite-derived salinity products. To overcome this limitation, we used the 16 day composite satellite salinity map during the cruise (16-30 August 2009) for validation. Because in situ data have a high sampling frequency (1 min) in comparison to satellite observations, which have 4 km resolution and a 16 day average time scale, the satellite-derived pCO 2 values are smoother than the in situ data, but they show similar, consistent variations. This comparison provides a sufficiently well-matched data set to evaluate the capability of satellite inversion of pCO 2 , and the results are reasonable and encouraging. In general, in such a highly dynamic and complex marginal sea, it is difficult to determine a significant empirical regressive algorithm for pCO 2 ; meanwhile, it is very hard to complete a point-to-point quantitative validation between satellite results and in situ data with spatial and temporal gaps. With the MeSAA algorithm, we have determined pCO 2 values by parameterizing individual controlling factors, and we get a reasonable result. This proves that the MeSAA algorithm is very promising for river-dominated marginal seas although it still needs improvement with more data.
Discussion
In this section, we first conduct a sensitivity analysis to examine the performance of the MeSAA algorithm with several independent in situ data sets from the ECS during summer. Then, we discuss more general issues regarding pCO 2 control mechanisms and suggest parameterization methods to improve the algorithm for wider application.
5.1. Sensitivity Analysis of MeSAA Algorithm in the ECS 5.1.1. Algorithm Sensitivity to the Empirical Coefficients There are two kinds of empirical coefficients in our algorithm. One is the end-member values of TA and DIC in freshwater and marine water. The other is the biological coefficient governing the drawdown of pCO 2 .
Seasonal and inter-annual DIC and TA changes were found in the inner estuary of the Changjiang River [Zhai et al., 2007] . To evaluate variation resulting from changes in the river end-member, we examined the sensitivity of the model-retrieved pCO 2@Hmix by varying riverine DIC and TA from 1750 to 2050 lmol/kg, assuming DIC 5 TA [Zhai et al., 2007] . In addition, the DIC and TA of the marine end-member are fixed because the Kuroshio water is stable. The results show that the effect of changing the river end-member is small across a majority of the shelf area where salinities are greater than 25 (Figure 5a ). Even with wide SST variations from 10 to 30 C, a 100 lmol/kg variation in DIC and TA can only change the pCO 2 from 5.3 to 12.1 latm at salinity 25, and from 2.5 to 5.7 latm at salinity 30. Therefore, the impact of uncertainty in riverine DIC and TA is greatly reduced as salinity increases, and such an impact is expected to be less important for water on the wide shelf.
To examine the effect of variation in the biological parameter on derived DpCO 2@bio , as B5117.5 in equations (10) and (11) is an empirical coefficient, we set a 620% deviation of B (95-140) (Figure 5b ). It is clear that DpCO 2@bio varied with B and increased with chla. For chla<1 lg/L, the deviation of DpC O 2@bio caused by varying B was less than 9 latm when B deviated by 610% from B5117.5 (B 2 5 105 (6) and (10) and B 3 5 130), and 16 latm with a 620% deviation (B 1 5 95 and B 4 5 140). For chla 5 5 lg/L, the Dp CO 2@bio varied by 18 latm with 10% deviation in chla, and 32 latm with 20% deviation. In most of the ECS, chla varies from approximately 0.2-3 lg/L from offshore to the coast, while values of chla>5 lg/L were generally associated with patchy phytoplankton blooms [He et al., 2013a] . Thus, B5117.5 is suitable for a wide range of chla concentrations, from oligotrophic water to productive coastal water, except for very high phytoplankton bloom areas.
Algorithm Sensitivity to the Satellite-Derived Parameters
Satellite-retrieved sea surface salinity (SSS), SST and chla are the three input parameters in equation (11) used to retrieve pCO 2 . To check the influences of these parameters on pCO 2 , we conducted sensitivity analysis as follows.
1. We tested each parameter at 12 discrete values across its dynamic range in the summertime ECS. Specifically, SSS values varied from 0 to 33 with a step of 3 (marked as SSS n ), SST from 20 C to 31 C with a step of 1 C (marked as SST n ), and chla from 0.2 to 8.9 lg/L, with a step of 0.15 on the logarithm scale (marked as chla n ).
2. Taking the sensitivity of retrieved pCO 2 to SSS as an example, we assume the error of satellitederived SSS is 1.0 . For each SSS n and (SSS n 11.0), we calculate the corresponding pCO 2 at different SST n and chla n with equation (11). We take the pCO 2 at SSS n as true values (TpCO 2n ), and the error values (EpCO 2n ) for the (SSS n 11.0). Then, we calculate the relative error (RE) as
Finally, based on the RE values for each SSS n , we get the average RE and the standard deviation ( Figure 6 ).
3. Similarly, we calculate the sensitivity of retrieved pCO 2 to SST and chla. We assume the error of satellitederived SST and chla are 0.5 C and 35%, respectively.
From Figure 6 , we can see that the mean RE values of pCO 2 resulting from SST are < 5% during the summertime. Even for phytoplankton blooms (chla 5 9.0 lg/L), the mean RE of pCO 2 is < 10%; for the majority of the shelf area with chla < 2 lg/L, the mean RE of pCO 2 is < 6%. The mean RE of pCO 2 resulting from salinity decreases with increasing salinity; it is also relatively larger (< 11%) in the estuary, but less than < 4% in the shelf area where salinity > 20. Overall, the sensitivity analysis shows that retrieval errors from the three satellite inputs have a limited influence on satellite-derived pCO 2 . In addition, this type of analysis can also evaluate the significance of each input parameter on pCO 2 . In a river-dominated marginal sea, SST has relatively less influence on pCO 2 variations in summer. Large uncertainties exist on the highly dynamic plume fronts with high primary production.
Uncertainty From Other Unconsidered Controlling Factors
As we did not use any in situ pCO 2 data from ECS cruises (Figure 1 ) in our MeSAA algorithm development (i.e., no training data), we can use them as independent data to ascertain the uncertainties of our method. The inner and outer shelf areas have different and complex factors controlling pCO 2 . In order to clearly examine the performance of how the dominant controlling factors were parameterized in the MeSAA algorithm, we first calculate pCO 2@Hmix with in situ salinity and temperature, and compare it with in situ pCO 2 versus salinity trends (Figure 7) . pCO 2@Hmix is the baseline pCO 2 variation in our MeSAA algorithm (equation (11)). Estuarine and near-shore areas show similar shapes from two cruises (August 2003 and June 2009) (Figure 7a ). This agreement suggests that the two end-member mixing of freshwater and marine water was the dominant effect in the estuary and near shore areas (also see Figure 7c for the temperature and salinity relationship). Some differences between in situ pCO 2 and pCO 2@Hmix reflect mechanisms other than the horizontal mixing. Specifically, except for a few significant pCO 2 drawdown events by phytoplankton blooms, the in situ pCO 2 values are generally higher than pCO 2@Hmix at near-stable values of approximately 100-200 latm in salinities 10-20. We attribute this to high DIC addition from bottom water via vertical mixing or from coastal wetlands via horizontal tidal mixing in shallow water areas Cai, 2011] . These additional mixing effects should be considered when more data and parameterization methods are available. However, this effect only acts in a very small area in the estuary and has a limited effect on the whole ECS.
In the shelf area, pCO 2 versus salinity and water mass show a very different relationship with the inner shelf (Figures 7b and 7d) . Relative to pCO 2@Hmix , the in situ pCO 2 values exhibit significant drawdown at salinities of 20-32, and pCO 2 increases with increasing salinity. This is the typical biological effect in a river-plume dominant area, as reported for other large river plume systems [Cai, 2003; Lohrenz and Cai, 2006; Cooley and Yager, 2006; Cooley et al., 2007] . Overall, underway chla fluorescence became lower at high salinities due to dilution and the decrease in riverine nutrient availability offshore ( Figure  7e ). However, we acknowledge that the situation is more complicated than we expected. The cruise track of July 2007 was along the coasts of Zhejiang Province, and nearly along the front of turbid coastal water and clean marine water. Although the pCO 2 versus salinity relationship in the plume area was similar to the general biological effect noted elsewhere, chla did not show the trend we had expected (Figure 7f ). High chla concentrations were found when salinity was higher than 30, which may be a result of phytoplankton blooms , whereas low chla concentrations with relatively low pCO 2 were found when salinities were between 25 and 30 ( Figure 7f ). We speculate that chla decreased rapidly during the dispersal stage of phytoplankton blooms, but pCO 2 remained low due to slow air-sea gas exchange. This and other phenomena make parameterization more difficult. We discuss this further in sections 5.2.3 and 5.2.4.
Overall, with the parameterization of three major controlling mechanisms, we believe that the MeSAA algorithm describes the majority of summer pCO 2 variation in the ECS, and it can be readily improved by adding new controlling factors without extensive changes to the existing algorithm.
Further Discussion on Parameterization of MeSAA
In this section, we discuss further the parameterization of the factors controlling pCO 2 with the aim of developing, improving, and applying the MeSAA algorithm to other systems and seasons.
5.2.1. Using SST as a Proxy to Estimate pCO 2 In many cases, SST is strongly related to pCO 2 and has been used as the sole variable or one of the most important variables to build regression equations for determining pCO 2 [e.g., Stephens et al., 1995; Metzl et al., 1999; Hood et al., 1999; Nelson et al., 2001; Levefre et al., 2002; Cosca et al., 2003; Olsen et al., 2003 Olsen et al., , 2004 Lefèvre et al., 2004] . However, in most cases, the exponential slopes in the pCO 2 regressions deviated severely from 4.23%/1 C, indicating that other processes also play a role. These effects on pCO 2 are generally correlated, either directly or indirectly, with SST [Lee et al., 1998 ]. Therefore, multiple regression equations are quite artificial because of the correlative nature of the variables. For example, in addition to demonstrating thermodynamic effects, SST was also a good tracer of colder water from upwelling and of eddy-borne high pCO 2 waters [Chen et al., 2007; Hales et al., 2012] . Multiple regression equations may also be affected by biological processes that are spatially heterogeneous and sporadic, leading to variations in the correlation.
To avoid interference from the multiple factors influencing pCO 2 , some studies have normalized pCO 2 at a certain temperature using equation (3) before investigating its relation to other variables. However, as Rangama et al. [2005] pointed out, although the correlation coefficient is always higher when using pCO 2 normalized to a constant temperature, it may result in a larger deviation when normalized pCO 2 is converted to pCO 2 at in situ temperature with established function, because regression of normalized pCO 2 does not take into account water mixing or other mechanisms for which SST is also a tracer. Equation (3) can only be used when correcting for temperature change in underway pCO 2 measurements [Takahashi et al., 1993 [Takahashi et al., , 2002 [Takahashi et al., , 2009 and for in situ aquatic pCO 2 over a small temperature range. Particular caution is advised when using SST as a parameter. We believe that the use of SST is appropriate in our MeSAA algorithm, because we restrict the influence of SST variation on pCO 2 thermodynamic effects within the marine carbonate system calculations.
Parameterization of the Physical Mixing Effect
Physical mixing of different water masses includes upwelling, eddy, and vertical mixing due to the deepening of the mixed layer, as well as advection of terrestrial runoff and marine water in coastal oceans. Although here we only show pCO 2 estimated for mixing of Changjiang fresh water and Kuroshio water as an example for the summer ECS, the basic methodologies can be applied to other physical mixing behaviors with a mixing index [e.g., Cai et al., 2010; Stedmon et al., 2010; Guo et al., 2012] .
Temperature can be used in addition to salinity as an indicator of vertical mixing with cooler upwelling water. Such an approach works best in studies of upwelling-dominated systems on Eastern Boundary Current shelves, such as those offshore of Oregon and northern California [Hales et al., 2012; Feely et al., 2008] . In broader Western Boundary Current shelves, heat exchange with the atmosphere is significant because the water residence time is long; hence, temperature generally reflects seasonal temperature variations rather than water mass mixing.
The Mixed Layer Depth (MLD) can also be a good indicator of vertical mixing. Gruber et al. [2002] showed at the Bermuda Atlantic Time-series Station (BATS) that SST and MLD represent key processes that affect interannual variability of DIC. Lueger et al. [2004 Lueger et al. [ , 2008 found good correlations between MLD in the midlatitude North Atlantic Ocean with both positive and negative pCO 2 -MLD relationships existing in different marine provinces. In coastal oceans, such an approach has complications, such as the influence of shallow water depths, tides, and river plume.
If the end-member values are available for all contributing water masses, as in this work, the parameterization of mixing processes can be accomplished readily with well-defined proxies. Alternatively, an appropriate proxy may be used to build the semi-analytic/semi-empirical expression for the influence of mixing on pCO 2 , as we did with chla for the biological term in section 3.5. Again, when it comes to parameterizing a certain mixing process, one should be careful to choose a typical data set with only one dominant factor to avoid overlap with other controlling factors.
Parameterization of the Biological Effect
Biological activities change the DIC concentration, and thus the pCO 2 , in the upper ocean through photosynthesis/respiration and/or CaCO 3 production/dissolution. Thus, one may argue that chla alone is not a precise measure or adequate proxy of biological processes, as its association with carbon uptake is variable and it does not include respiration. A number of studies have used net community productivity (NCP, which can be computed from chemical properties, i.e., oxygen and DIC) to quantify biological contributions to the temporal and spatial variability of the oceanic CO 2 system [Murata et al., 2002 , and the references therein; J€ onsson et al. , 2011] . Further studies are needed to develop the analytical expression for biological effects on pCO 2 or DIC with the available satellite-derived proxies. However, for current satellite data processing, it is still desirable to use the regularly produced satellite chla product. Then, the critical issue is how to use the chla data.
Biological export involves slow and weakly variable mechanisms that may be overwhelmed by more variable processes [Rangama et al., 2005] ; therefore, in general, the pCO 2 -chla relationship is not significant at a large scale due to interference by other factors (i.e., thermodynamic effects and mixing). In cases when chla is significantly associated with pCO 2 in the regression, it is hard to explain why the regression is improved by the inclusion of SST [e.g., Ono et al., 2004; Zhu et al., 2009] . In some cases, the regression results could not be improved significantly or were even worsened by adding chla as one of the variables [Rangama et al., 2005; Lueger et al., 2008] .
The integral expression for pCO 2 drawdown with the increase of chla that we have developed here has two strengths. It avoids the limitations of a direct pCO 2 -chla regression, and it more understandably expresses the relationship between phytoplankton carbon uptake and its accumulated effect on the pCO 2 change in multiday or monthly averaged satellite data. Furthermore, DpCO 2@bio is suitable for a wide range of chla concentrations, which is commonly the case in marginal seas with both nutrient-rich coastal water and oligotrophic marine waters. The wide range of chla concentrations in these waters also partially explains why, in some situations, adding chla to the direct multiple regression did not improve the pCO 2 predictions [Rangama et al., 2005; Lueger et al., 2008] .
The chla concentration is a standing stock, and our algorithm currently only accounts for the pCO 2 drawdown effect associated with phytoplankton biomass and associated carbon uptake. The algorithm cannot effectively deal with degradation because the relative processes would act across different time scales (further discussed in the next section). Special phytoplankton functional groups (e.g., coccoliths that affect carbonate chemistry) are not considered in our general mathematical expression. Further efforts should be made to understand the complex biological effect on pCO 2 to find a better proxy than chla.
Parameterization of Processes at Different Time Scales
Diverse controlling mechanisms have different time scales, and therefore interaction or delay between different processes remains an open question in our algorithm.
Water mass mixing, particularly at low and middle salinities, is fast and has a direct effect on the variation of pCO 2 , while biological effects are slower. Furthermore, the different stages of phytoplankton growth and degradation also influence pCO 2 over different time scales. For the phytoplankton growth phase, decreasing pCO 2 can be observed with increasing chla, which is considered in our algorithm. However, blooms disappear rapidly when nutrients are exhausted, indicated by very low chla, which will not correlate directly with an increase in pCO 2 [Lueger et al., 2008] . Both DIC and pCO 2 will take longer time to return to their original high concentrations from upwelling, mixing, or air-sea gas exchange. For example, both pCO 2 and chla remained low in our underway pCO 2 data in July 2007. The combination of low pCO 2 and low chla must reflect the remnant signals of previous episodic biological production over different time scales (i.e., slow gas exchange versus rapid biological process). To deal with this issue, Ono et al. [2004] chose to use the maximum satellite-derived monthly chla in the multiple regression equation for estimating pCO 2 to weaken this effect to some extent.
In principle, one can take the air-sea CO 2 flux and add it to the DIC inventory in the mixed layer [Milèna and Montègut, 2002; Murata et al., 2002] . However, in a rapidly mixed system, the flux is generally small relative to the mixed layer DIC inventory because the CO 2 air-sea exchange rate is very slow [Zeebe and Wolf-Gladrow, 2001; Zhai et al., 2009; Murata et al., 2002] .
In future studies, it is important to resolve the issue of different time scales to deal with the timedelayed effects on pCO 2 variation, because frequent observations by satellite remote sensing can provide sequential information on the phytoplankton growth cycle. Combining a remote-sensing approach with a numerical model is another good option [D'Ortenzio et al, 2008; J€ onsson et al., 2009 .
Concluding Remarks
We propose a mechanistic semi-analytic algorithm (MeSAA) to derive surface seawater pCO 2 using satellitederived products. This algorithm analytically expresses pCO 2 as the sum of individual components contributed by factors associated with pCO 2 variations. The primary controlling factors we considered include thermodynamics (or temperature), water mass mixing, and biology. We use the summertime ECS as an example to parameterize these three major mechanisms that control pCO 2 variation, and demonstrate the method's validity and applicability.
Compared with traditional regression methods, our MeSAA approach to derive pCO 2 has clear merits.
(1) It can include more mechanistic information in the algorithm; meanwhile, deviations between predictions and observations can provide insight into some of the less-defined mechanisms. (2) It overcomes the effects of patchiness in single satellite images, which is always found at the boundaries of different regimes described with linear/nonlinear regression methods. (3) Most importantly, it has potential for achieving further improvements by adding new components without significantly changing the previous algorithm.
In our ongoing work, we are also parameterizing vertical mixing in the dry season, which can be added directly to the current algorithm in the future. Furthermore, it would be useful to add specific pCO 2 changes associated with particular special events across short timescales and/or small spatial scales (i.e., eddy effects, phytoplankton blooms, typhoons) to improve the accuracy of pCO 2 and air-sea CO 2 flux estimates on a large spatial scale without generating significant boundary effects or discontinuities in transition regions.
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